Encoders that generate representations based on context have, in recent years, benefited from adaptations that allow for pre-training on large text corpora. Earlier work on evaluating fixed-length sentence representations has included the use of 'probing' tasks, that use diagnostic classifiers to attempt to quantify the extent to which these encoders capture specific linguistic phenomena. The principle of probing has also resulted in extended evaluations that include relatively newer wordlevel pre-trained encoders. We build on probing tasks established in the literature and comprehensively evaluate and analyse -from a typological perspective amongst others -multilingual variants of existing encoders on probing datasets constructed for 6 non-English languages. Specifically, we probe each layer of a multiple monolingual RNN-based ELMo models, the transformer-based BERT's cased and uncased multilingual variants, and a variant of BERT that uses a cross-lingual modelling scheme (XLM).
Introduction
Recent trends in NLP have demonstrated the utility of pre-trained deep contextual representations in numerous downstream NLP tasks, where they have almost consistently resulted in significant performance improvements. Detailed evaluations have naturally followed: these have either been follow-up works to papers describing contextual representation systems, such as Peters et al. (2018b) , or novel works evaluating a broad class of encoders on a broad variety of tasks (Perone et al., 2018) . This paper is an example of the latter sort; we perform a comprehensive, large-scale evaluation of what linguistic phenomena these sequential encoders capture across a diverse set of languages. This has often been referred to in the literature as probing; we use this terminology throughout this work.
Briefly, our goals are to probe our encoders in a multilingual setting -i.e., we use a series of probing tasks to quantify what sort of linguistic information our encoders retain, and how this information varies across language, across encoder, and across task. As such, our experiments do not attempt to attain 'state-of-the-art' results; instead, we attempt to use a comparable experimental setting across each experiment, to quantify differences between settings rather than absolute results.
In Section 2, we describe prior work in multiple strands of research: specifically, on deep neural pre-training, on multilingualism in pre-training, and on evaluation. Section 3 describes both the linguistic features we probe our representations for, and how we generated our probing corpus. In Section 4, we describe and motivate our choice of encoders, as well as describe our infrastructural details. The bulk of our contribution is in Section 5, where we describe and analyse our results. Finally, we conclude with a discussion of the implications of these results and future work in Section 6.
Background 2.1 Deep pre-training
A watershed moment in NLP has been the recent innovation spree in deep pre-training; it has represented a considerable step up from shallow pre-training methods, that have been used in NLP since the introduction of contextual word embedding models such as word2vec (Mikolov et al., 2013) . Whilst deep pre-training has been used in non-NLP, image-oriented tasks, where the standard paradigm is to pre-train deep convolutional networks on datasets like ImageNet (Russakovsky et al., 2014) , and then fine-tune on task-specific data, their introduction to textual domains has been considerably slower, yet has been picking up rapidly in recent years.
An early paper in this theme was CoVe (Mc-Cann et al., 2017) , that pre-trained contextual encoders on seq2seq machine translation models. Another earlier seminal work that addressed numerous technical issues with pre-training was Howard and Ruder's ULMFiT (2018) . Not long after, the principle of deep pre-training saw widespread adoption with ELMo (Peters et al., 2018a) , that consisted of several innovations over CoVe: critically, the use of an unsupervised (albeit structured) task -language modelling -for pretraining, and the use of a linear combination of all encoder layers, instead of just the top layer. Architecturally, ELMo used two-layer bidirectional LSTMs along with character-level convolutions, to model word probabilities given the history.
With deep pre-training having been established as a valid strategy in NLP, alternative models with different underlying architectures were proposed. The OpenAI GPT (Radford et al., 2018 ) was one such model; instead of LSTMs, it used the decoder of an attention-based transformer (Vaswani et al., 2017) as its underlying encoder -the justification being that using the transformer's encoder would lead to each token having access to succeeding tokens. The GPT also achieved (then) state-of-theart results by plugging generated fixed-length vectors into downstream classifiers.
Another system that represented a significant innovation was BERT (Devlin et al., 2018) . BERT introduced a language modelling variant, dubbed masked language modelling, that allowed them to use transformer encoders as their underlying encoding mechanism.
Multilingual pre-training
Multilingual variants of pre-trained encoders that provide contextual representations for non-English languages have also been studied; there is, however, some diversity in precisely how they are generated. Che et al. (2018) provide ELMo models (Fares et al., 2017) for 44 languages; all of these were trained on data provided as part of the CoNLL 2018 shared task on dependency parsing Universal Dependencies treebanks (Zeman et al., 2018) . This makes 'multilingual' a bit of a misnomer: whilst this is the most obvious approach to multilingual support, these models are all monolingual. This also leads to other issues downstream, such as a complete inability to deal with true multilingual phenomena like code-switching. Throughout this text, however, when not specifically referring to ELMo, our use of the term 'multilingual' is inclusive of ELMo's quasi-multilingualism. This is contrasted with BERT's approach to (true) multilingualism, which trains a single model that can handle all languages. The authors use WordPiece, a variant of BPE (Sennrich et al., 2016) , for tokenisation, using a 110K-size vocabulary, and proceed to train a single gigantic model; they perform exponentially smoothed weighting of their data to avoid biasing their model towards better-resourced languages.
Finally, XLM (Lample and Conneau, 2019) is another cross-lingual encoder based on BERT that implements a number of modifications. Along with BERT's masked language modeling or Cloze task-based modelling (Devlin et al., 2018; Taylor, 1953) , XLM training uses another similar objective during training that the authors call translation language modeling. Here, two parallel sentences are concatenated and words masked in both source and target sentences words are predicted using context from both. The authors here also use their own implementation of BPE -FastBPE, for which they provide a vocabulary of around 120K entries. This vocabulary is shared across all of the languages and thus improves the alignment of embedded spaces, as shown in Lample et al. (2017) .
On evaluation
Evaluation of contextual representations goes beyond merely deep representations; not too far in the past, work on evaluating shallow sentence representations was encouraged by the release of the SentEval toolkit (Conneau and Kiela, 2018) , which provided an easy-to-use framework that sentence representations could be 'plugged' into, for rapid downstream evaluation on numerous tasks: these include several classification tasks, textual entailment and similarity tasks, a paraphrase detection task, and caption/image retrieval tasks. Relevant to our paper is Conneau et al.'s (2018a) set of 'probing tasks', a variant on the theme of diagnostic classification (Hupkes et al., 2017; Belinkov et al., 2017; Adi et al., 2016; Shi et al., 2016) , that would attempt to quantify precisely what sort of linguistic information was being retained by sentence representations. Based in part on Shi et al. (2016) , Conneau et al. (2018a) focus on evaluating representations for English; they provide Spearman correlations between the performance of a particular representation mechanism on being probed for specific linguistic properties, and the downstream performance on a variety of NLP tasks. Along similar lines, and contemporaneously with this work, Liu et al. (2019) probe similar deep pre-trained to the ones we do, on a set of 'sixteen diverse probing tasks'. (Tenney et al., 2018) probe deep pre-trained encoders for sentence structure.
On a different note, Saphra and Lopez (2018) present a CCA-based method to compare representation learning dynamics across time and models, without explicitly requiring annotated corpora.
A visible limitation of the datasets provided by these probing tasks is that most of them were created with the idea of evaluating representations built for English language data. Within the realm of evaluating multilingual sentence representations, Conneau et al. (2018b) describe the XNLI dataset, a set of translations of the development and test portions of the multi-genre MultiNLI inference dataset (Williams et al., 2018) . This, in a sense, is an extension of a predominantly monolingual task to the multilingual domain; the authors evaluate sentence representations derived by mapping non-English representations to an English representation space.
BERTology
Relevant to the probing theme of this paper is the sudden recent growth in papers studying precisely what is retained with the internal representations of pre-trained encoders like BERT. These include, for instance, analyses of BERT's attentions heads, such as Michel et al. (2019) , where the authors prune heads, often reducing certain layers to single heads, without a significant drop in performance in certain scenarios. Clark et al. (2019) provide a perhead analysis and attempt to quantify what information each head retains; they discover that specific aspects of syntax are well-encoded per head, and find heads that correspond to certain linguistic properties, such as heads that attend to direct objects of verbs. Other papers provide analyses of BERT's layers, such as Tenney et al. (2019) , who discover that BERT's layers roughly correspond to the notion of the classical 'NLP pipeline', with lower level tasks such as tagging lower down the layer hierarchy. Hewitt and Manning (2019) define a structural probe over BERT representations, that extracts notions of syntax that correspond strongly to linguistic notions of dependency syntax.
Corpora

Probing
Our data consists of training, development and test splits for 9 linguistic tasks, that can broadly be grouped into surface, syntactic and semantic tasks. These are the same as the ones described in Conneau et al. (2018a) , with minor modifications. Due to the differences in corpus domain, we alter some of their word-frequency parameters. We also exclude the top constituent (TopConst) task; we noticed that Wikipedia tended to have far less diversity in sentence structure than the original Toronto Books corpus, due to the more encyclopaedic style of writing. A brief description of the tasks follows, although we urge the reader to refer to the original paper for more detailed descriptions.
1. Sentence length: In SentLen, sentences are divided into multiple bins based on their length; the job of the classifier is to predict the appropriate bin, creating a 6-way classification task.
Word count:
In WC, we sample sentences that feature exactly one amongst a thousand mid-frequency words, and train the classifier to predict the word: this is the most 'difficult' task, in that it has the most possible classes.
3. Tree depth: The TreeDepth task simply asks the representation to predict the depth of the sentence's syntax tree. Unlike the original paper, we use the depth the of the dependency tree instead of the constituency tree.
Bigram shift:
In BiShift, for half the sentences in the dataset, the order of words in a randomly sampled bigram is reversed. The classifier learns to predict whether or not the sentence contains a reversal.
5. Subject number: The SubjNum task asks the classifier to predict the number of the subject of the head verb of the sentence. Only sentences with exactly one subject (annotated with the nsubj relation) attached to the root verb were considered.
6. Object number: ObjNum, similar to the subject number task, was annotated with the number of the direct object of the head verb (annotated with the obj relation).
Coordination inversion:
In CoordInv, two main clauses joined by a coordinating conjunction have their orders reversed, with a probability of one in two. Only sentences with exactly two top-level conjuncts are considered.
8. (Semantic) odd man out: SOMO, one of the more difficult tasks in the collection, replaces a randomly sampled word with another word with comparable corpus bigram frequencies.
9. Tense prediction: The Tense prediction asks the classifier to predict the tense of the main verb: we compare the past and present tenses.
Data
Languages
Our choice of languages was motivated by three factors: i) the availability of a Wikipedia large enough to extract data from; ii) the availability of a reasonable dependency parsing model, and iii) typological diversity. The former, in particular, was a bit of a restriction, since not all sentences were valid candidates for extraction per task. Our final set of languages include an additional corpus for English, as well as French, German, Spanish, Russian, Turkish and Finnish. Whilst not nearly representative of the diversity of world languages, this selection includes morphologically agglutinative, fusional and (relatively) isolating languages, and it includes two scripts, Latin and Cyrillic.
The languages also represent three families (Indo-European, Turkic and Uralic). We build our probing datasets using the relevant language's Wikipedia dump as a corpus. Our motivation for doing so was that it a freely available corpus for numerous languages, large enough to extract the sizeable corpora that we need. Specifically, we use Wikipedia dumps (dated 2019-02-01), which we process using the WikiExtractor utility 1 .
Preprocessing
We use the Punkt tokeniser (Kiss and Strunk, 2006) to segment our Wikipedia dumps into discrete sentences. For Russian, which lacked a Punkt tokenisation model, we used the UD-Pipe (Straka and Straková, 2017) toolkit to perform segmentation.
Having segmented our data, we used the Moses (Koehn et al., 2007) tokeniser for the appropriate language, falling back to English tokenisation when unavailable.
Next, we obtained dependency parses for our sentences, again using the UDPipe toolkit's pretrained models, trained on Universal Dependencies treebanks (Nivre et al., 2015) . We then processed these dependency parsed corpora to extract the appropriate sentences; while in principle, each task was meant to have 120K sentences, with 100K/10K/10K training/validation/test splits, often, for the rarer linguistic phenomena, we ran out of source data, in particular with Turkish and Finnish, although to a smaller extent with Russian as well. In these situations, we ensured an equivalent split ratio.
Our use of non-gold-standard dependency parses implies inaccuracies that, in principle, would propagate to our training data. A valid counterargument, however, is that we do not rely on complete parse accuracies for all our tasks; several tasks do not require dependency or POS annotation, and the ones that do rely on a fixed subset of dependency relations, such as nsubj or obj.
Having said that, we do acknowledge the divergences in parsing performance across language; unfortunately, given the substantial corpus sizes these experiments require, we could not use goldstandard parsed corpora.
Implementation
Encoders
We probe several popular pre-trained encoders (or, specifically, their multilingual variants). These include:
ELMo, monolingual We use Che et al.'s (2018) pre-trained monolingual ELMo models for each of our languages. Training was similar to the original English language ELMo, but allows for Unicode, and uses a sample softmax (Jean et al., 2014) to deal with large vocabularies. We probed four variants of each ELMo model -the character embeddings layer, the two LSTM layers, and an average of all three. For obtaining a fixedlength sentence representation, we use average pooling over the sequence of hidden states.
BERT We use the two multilingual variantscased and uncased. Both variants have 12 layers, 768 hidden units, 12 heads and 110M parameters; the former includes 104 languages and fixes normalisation issues, whilst the latter includes 102 languages. For further classification, we use the first hidden state, represented by the [CLS] token.
XLM We probe only one variant of this encoder -i.e., the models fine-tuned on XNLI (Conneau et al., 2018b) data. Due to there being no XNLI data for Finnish, we do not probe our Finnish dataset with XLM. Unlike BERT, XLM uses 1024 hidden units and 8 heads.
Unfortunately, all our encoders did include Wikipedia dumps in their training data. Given that pretrained encoders tend to use as much easily accessible data as possible in pre-training, however, it is difficult to avoid using a completely unseen corpus for probing task extraction.
Implementation
Our probing procedure for each of our languages and encoders is relatively similar: we use a multilayer perceptron based classifier to assign the appropriate class label to each input sentence. During training, the encoders remain static, with all learning restricted to the classifier. In an attempt to avoid excessively complex classifiers, and to ensure consistency across tasks and languages, we use predetermined fixed hyperparameters -specifically, a sigmoid activation function, on top of a size 50 dense layer. We use a training batch size of 32, optimised using Adam (Kingma and Ba, 2014) , and train for 10 epochs, allowing for early stopping. We implement our system using the AllenNLP toolkit (Gardner et al., 2018) , which crucially provides the ability to use the appropriate tokenisation schema, along with the appropriate vocabulary, for each encoder. Training and evaluation were carried out on NVIDIA RTX 2080 Ti GPUs, with 10GiB GPU memory.
Results
Due to our large experiment space, there are several dimensions along which our results can be analysed and discussed. For ease of analysis, all our figures are presented as heatmaps.
We have presented our results in two ways, for easy visualisation. The first of these is dividing them up by task, as in Figure 1 . We present an alternative set of results for three of our encoders, in Figure 2 .
Encoder
An observation that instantly stands out is the significant difference in performance on WC: consistently, across every language, all our transformerbased architectures see results very close to 0. Further, whilst not instantly visible in Figure 2 , a quick look at Figure 1 shows that the same appears to hold (albeit to a lesser extent) for SentLen, TreeDepth and BiShift, all of which are either surface or syntactic phenomena. This appears to heavily imply that recurrent, sequential processing appears to retain lower level linguistic phenomena better than self-attentive mechanisms (that do not see the same drop in informativity for semantic tasks). This is perhaps a bit easy to justify with SentLen, which is a phenomenon that is directly proportional to recurrence depth.
The next phenomenon of interest is the difference between each of ELMo's layers. Interestingly, these do not appear to be as drastic as one would imagine, given the differences in performance on downstream tasks. The difference between raw word representations and actual contextual representations is fairly noticeable, particularly on the strongly syntactic BiShift. However, the differences between higher layers is rela- tively murkier, and whilst the average of the three does appear to represent some phenomena better (such as CoordInv), it isn't clear that this difference is meaningful. Notably, SentLen appears to be poorly represented in higher layers, which ties in with other analyses of ELMo (Peters et al., 2018b) , that imply that higher layers are likelier to learn more semantic features.
BERT's cased variant appears to retain information slightly better than the uncased one, which is in line with the authors' descriptions of their own models.
Finally, and perhaps most interestingly, we turn our attention towards XLM. Despite being based on BERT (and indeed showing similar patterns in performance), XLM appears to perform a lot worse than all our other encoders on virtually every task. It is not immediately clear why: however, given that this drop in performance is visible in every language, our conjecture is that due to the translation-based modelling employed by XLM, the encoder does indeed succeed at learning language-independent representations, or 'uni-versal' representations. However, this universality comes at a cost: in an attempt to adequately represent a variety of typologically diverse languages, XLM appears to lose its ability to retain specific linguistic phenomena pertaining to specific languages; in a sense, it is incapable of building a representation for a language that adequately captures a specific phenomenon in that language and no other. This follows intuitively from the method used training on the TLM objective: the authors concatenate aligned parallel sentences and predict masked words in the source and the target sentence, using context from both sentences at the same time to predict each masked word. This is likely to have had a detrimental effect on XLM's ability to retain characteristics specific to each language. In Figure 3 , we show the relative performance of BERT and XLM per probing task. There is a clear trend towards BERT's enhanced retention of linguistic features being less prominent for the more semantic tasks, which fits our hypothesis, as semantics are likelier to hold crosslinguistically. A point to be made here is that despite Sub-jNum, ObjNum and Tense being classified as semantic tasks, it isn't clear that they are truly being probed for semantic information: all three phenomena tend to be visible with morphological marking. This gives us an alternative justification for XLM's relative improvement in retention: XLM is likely capable of storing each language's individual morphological information in different internal subspaces de, as each language is likely to reflect morphology purely orthographically, and in mutually exclusive ways.
Our observations on the differences between encoders are also easily visible in Figure 4 , where multiple 'belts' of varying performances emerge.
Language
To motivate one of the main focuses of this paper -our analysis of our results along linguistic lines -we present Figure 5 , which displays what one might call the net 'informativity' of an encoder, i.e. an average of how much information each encoder retains averaged over tasks. The most noticeable effect here is the drop in informativity for Russian and Turkish. While this is perhaps understandable for Turkish -which has smaller probing corpora, and a less reliable Wikipedia than the other languages -Russian's opaqueness cannot be as easily explained away, particularly when contrasted with Finnish, which tends to have fewer resources.
We further introduce Figure 6 , which displays the averaged results of three systems -ELMo's multilayer variant, BERT's cased variant and (absent for Finnish) XLM. Most linguistic differences appear to be clustered in the semantic part of this heatmap. There are numerous possible factors that could explain these divergences, not the least of which is the actual probing corpus itself: however, we attempt to provide a justification, from a typological perspective, for some of these results.
When averaged across encoders, the Tense task stands out as fairly easy to probe for all languages. It thus seems that information about verbal temporal properties is retained in the sentence representation. For the tasks of subject and object number, however, we observe clear differences between the languages. Here, French and Spanish appear to be somewhat easier to probe than other languages. We hypothesise that this is due to both languages marking nominal number, not just with verb agreement, but also with plural articles, resulting in representations that are more informative regarding number. Contrast this with English and German, which either do not have plural articles, or have plural articles that morphologically overlap with non-plural forms, or with Russian, that tends to avoid articles in general.
Other interesting observations are German's relative ability at retaining information on CoordInv and Tense, as well as Finnish's extraordinarily high performance on Tense. Further, SentLen appears to be retained better, counter-intuitively, in Russian, Turkish and Finnish; a brief look at ure 1 shows that, interestingly, this is likely due to BERT.
Finally, we note that our results do not seem to indicate that English is somehow better represented in our multilingual systems, nor does it appear to perform significantly better than other languages in general, indicating that none of our models are 'learning' English first and then adapting to other languages.
Task
From a monolingual perspective, most of what needs to be said regarding the choice of probing tasks has already been said in the original (Conneau et al., 2018a) . There are however several differences, induced both by our modifications to the original framework, and by our corpus's multilingualism.
The first of these is the apparently consistent differences in performance on certain tasks which include, amongst others, CoordInv, where our variant appears to be more easily retained than the original. This can be explained away by minor issues we faced during implementation, using dependency trees instead of constituency trees. Due to more complicated representation of conjuncts in UD-style dependency trees, some of our sentences had issues with using the appropriate casing after swapping conjuncts, as well as ensuring consistent punctuation. While we attempted to avoid these by writing filtering rules, these were imperfect, and it is likely that stray punctuation and the like might have informed our representations about the conjuncts being swapped, in some instances.
Another task with minor differences is our implementation of SOMO; we attribute this to not being able to accurately reproduce Conneau et al.'s (2018a) modified corpus-frequency range (40-400) to adequately fit all our corpora.
We note that there do not appear to be significant differences in the TreeDepth task, despite our using dependency trees instead of constituency, and despite our tree depth/sentence length decorrelation procedure being markedly simpler.
Discussion
Implications
Having elaborated our results, it becomes crucial to contextualise their importance. 'Probing' an encoder, or more correctly, using diagnostic classifiers to attempt to quantify what information an encoder stores, appears to be a reasonable approach to qualifying this information. However, there has been some critique of this approach. To paraphrase Saphra and Lopez (2018) , the architecture of a diagnostic classifier does affect the performance of a probing task; further, lower layers of encoders may represent information in ways designed to be picked up on by their own higher layers; this might prove difficult for simple classifiers to truly probe. This is an excellent critique of the principle using absolute probing performance, or absolute numbers representing performance on an abstract insight task, as a yardstick. Critically, this work is focussed, both practically and in principle, on elucidating relative results, in a wide space of languages and encoders. The relative underparameterisation of the classifier and the use of one constant set of hyperparameters across experiments is an attempt to minimise the relative interference of the classifier. i.e., our goal is to keep the classifier's interference -its lens -as consistent as possible.
Future work
One potential strand of research relates directly to the tasks themselves: our choice of tasks was fairly restrictive, and does not include many tasks that are truly semantic, which does not provide us with enough information to draw conclusions sim- ilar to Liu et al. (2019) , which is that pretrained models encode stronger syntax than semantics. An obvious goal, therefore, is the more careful design of tasks, particularly within a multilingual context: the tasks proposed by Liu et al. (2019) and Tenney et al. (2018) are not strictly easy to motivate cross-linguistically due to the burden of annotation. This could include more semanticlevel probing by means of existing cross-lingual semantic resources, such as the Parallel Meaning Bank (Abzianidze et al., 2017) .
